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Power Current (PPC) test is limited to around 100mHz (for a 10 second pulse), which is lower than that of a drive-cycle signal. Additionally a new signal design technique to generate a more realistic current signal known as a pulse-multisine was presented [1] . A pulse-multisine is a signal with characteristics resembling the bandwidth of a drive cycle and the signal spans the full applicable current range of a battery. Part 1 discussed how the increased bandwidth, periodicity and high number of signal levels of a pulse-multisine are advantageous for modelling battery dynamics. These properties are used to present a new modelling methodology and model structure for lithium ion (Li-ion) battery dynamics appropriate for use in a Battery Management System (BMS). [9, 10, 11] . Furthermore, by estimating two separate sets of ECM parameters for charge and discharge the model fidelity can be increased to include SoC, temperature and current direction (charge or discharge) [12] .
At lower temperatures (≤ 10
• C ) and high C-rates, however, ion trans-port diffusion limitations can occur [8] . This leads to a non-linear dependence of the voltage on the current. The ECM parameters should therefore also be a function of current magnitude or C-rate and as well as temperature. In [13] an ECM is estimated whereby the circuit parameters for each of the PPC pulses are included in a 3D look-up 
Experiment details
In this work the current to voltage relationship of four 18650 3.03Ah
LiNiCoAlO 2 (NCA) batteries are modelled using pulse-multisine current signals. Similar to a PPC test procedure where the model parameters are obtained over different SoCs and temperatures, a pulse-multisine is applied at five SoCs which were 10%, 20%, 50%, 80% and 95% and at four temperatures
• C and 45
• C to parametrise the model.
The maximum applicable 10 s discharge/charge current (C dmax and C cmax )
is known from the battery specifications. As such the five design parameters of the pulse-multisine are, α the scale factor, T 1 , T 2 , T 4 the time interval of the largest pulse and two rest periods respectively and H exc the excitation bandwidth of the random phase multisine, as described in Part 1 of this series, were set for each SoC and temperature. These parameter values are given in Table A. 2.
In all cases the sampling frequency was set to f s = 10 Hz and the maximum harmonic in H exc was selected to span a bandwidth of at most 1Hz.
Five periods (let P denote number of periods) of the designed pulse-multisine 
Model estimation
As current is the controlled variable in the experiments the development of a current input model is described in this section. The NL-ECM model consists of three elemental blocks which includes a linear ECM, a nonlinear over-voltage function f (v l ) and an OCV coupled with hysteresis block ( Figure   2 ). The following subsections describes the identification of the corresponding model blocks.
OCV + Hysteresis

Impedance estimate and equivalent circuit transfer function
The typical approach for estimating an ECM is to directly fit or optimise the model parameters based on the measured current and voltage data set (normally a PPC data set). Doing so, however, requires a prior assumption of an ECM model structure. In this paper an intermediate step is performed whereby the battery impedance, which is a non-parametric estimate of the battery dynamics, and its standard deviation are first estimated. This impedance estimate will assist in deciding an appropriate ECM model order and structure in the form of a transfer function which can be fitted to obtain the ECM model parameters.
As impedance is defined under steady-state conditions, to reduce the influence of any transient behaviour, the first period of the measured voltage and current is discarded when estimating the impedance. The remaining P − 1 periods are then averaged over periods as
In equation (1) N is the number of samples per period of the applied pulsemultisine.
The mean voltage around which the voltage measurements are made is then removed fromv(n) prior to estimating the impedance and will subsequently be accounted for by the OCV and hysteresis model block. The resulting zero-mean voltage, denoted asv 0 (n), is defined in this work as the over-voltage signal and isv
The Discrete Fourier Transform (DFT) ofī(n) (the averaged current signal) andv 0 (n) (the over-voltage signal) is then computed as
where I(k) and V (k) in equation (3) denote the DFT ofī(n) andv 0 (n) at the k th harmonic.
The DFT voltage is related to the DFT current through the product with the battery impedance (equation (4)).
Z(k) is the impedance which is to be estimated and E(k) is an error term accounting for any measurement error and for any error arising from nonlinear battery behaviour.
In order to estimate Z(k), given I(k) and V (k), the influence of the error term should be minimised (typically in a least squares sense). A procedure known as the local-polynomial method (LPM) is used in this work which allows for both the impedance and standard deviation to be estimated. Details on the LPM are found in [14] while a brief description of the procedure is presented in Appendix B.
The estimated impedance (magnitude and phase) and standard deviation of the battery when at 20 % and 45
• C is shown in Figure ( 3). The magnitude response (3a) of the impedance has an increasing gain at low frequencies and the phase response (3b) approaches 180
• as the frequency increases. Such a response can be attributed to mass transport from diffusion at low (≤ 1 Hz)
frequencies [8] .
When fitting a transfer function to the impedance, the increase in low frequency magnitude indicates the presence of a pole 1 close to the origin in the complex domain. The phase approach to 180
• indicates a transfer function with a negative gain factor and an equal numerator and denominator polynomial degree of the form
In equation ( 
In equation (6) Each estimated 2 nd order transfer function can be used in subsequent simulations, however, if an ECM as shown in Figure 5 is required the transfer function is expanded via a partial fraction expansion to obtain the circuit parameters. Figure 5 : The 2 nd order ECM structure used to represent the estimated transfer function.
The OCV is not included since it is added at a later stage.
The partial fraction expansion of the 2 nd order transfer function yields a direct term and two first order transfer functions of the form
where R 0 is assumed to represent the internal resistance, R p1 and R p2 the polarisation resistances and τ 1 and τ 2 the time constants. The Matlab function residue can be used to perform this expansion, whereby the transfer function coefficients b nb , . . . , b 0 , a nb−1 , a 0 are passed as arguments and the function returns −R 0 , the pole and gain of the two first order systems. The negative gain values then correspond to the polarisation resistances and the negative reciprocal of the poles to the time constants (equivalently the capacitances C p1 = τ 1 /R p1 and C p2 = τ 2 /R p2 are obtained).
Non-linear over-voltage function
The non-linear over-voltage function in the model (Figure 2 ) is motivated by the Tafel relation in electrochemical kinetics. As SoC and temperature decrease a higher over-potential is required to sustain a given current density.
If the over-potential is sufficiently large the Butler-Volmer kinetics simplifies to the Tafel relation which is of the form
where η is the over-potential (normally at a particular electrode), i d is the current density and a and b are two constants. Given that the ECM is a linear model it linearly transforms an applied current i(t) to a voltage v l (t) (see Figure 2 ). This voltage can be considered as the model over-voltage due to linear kinetic phenomena. Therefore, by plotting the measured over-voltage (equation (2)) against the modelled linear over-voltage (v l (t)), at each SoC and temperature, the presence of any nonlinear deviations due to kinetic limitations can be examined and captured through a non-linear function.
To calculate v l (t) each of the designed pulse-mutisine signals (i(n)) is simulated with the corresponding estimated ECM to generate a linear overvoltage signal v l (n) and is denoted as
To reduce the effects of transients the first period of v l (n) is discarded and the remaining P − 1 periods are averaged to obtain the model linear over-voltage signalv l (n) under steady-state conditions (equation 10).
The measured over-voltagev 0 (n) (equation 2) can now be plotted against the modelled linear over-voltagev l (n) (equation 10) to investigate any non-linear characteristics.
A plot of the measured vs modelled over-voltage when the battery is at
% SoC and 45
• C is shown in Figure 7a and the characteristic when the ambient temperature is at 0 • C is given in Figure 7b . While a strong linear 
OCV and hysteresis model block
The last block of the proposed Li-ion battery model structure (Figure 2) is the OCV and hysteresis block. One approach to estimate the open circuit voltage is to discharge and charge the battery with a low current (usually C/25), and average the measured charge and discharge voltages [5, 16, 17] .
A low current is used to minimise any battery kinetics, however, even with a low discharge/charge current the battery will experience kinetic contributions when it is reaches complete discharge or charge leading to a high voltage drop; and the measured voltage can then no longer be assumed as the battery OCV.
In this work the method proposed in [18] is used to characterise OCV and hysteresis. The method involves discharging/charging the battery incrementally (e.g. at 4 % SoC intervals) followed by a rest period of 4 hours to allow the battery dynamics to relax and reach equilibrium. The voltage recorded from this method, also known as the incremental OCV method, better resembles the thermodynamic OCV estimate of the battery since the electrode kinetics are allowed to reach equilibrium.
To assess the magnitude of hysteresis incremental OCV tests are carried Unlike the ECM and non-linear over voltage blocks, the OCV and hysteresis model block does not have any unknown parameters to be estimated.
The model block is fully characterised though the incremental OCV tests.
Model Validation
A NL-ECM is estimated for each of the four tested 18650 Li-ion NCA batteries using the set of pulse-multisines as given in Appendix A. The mean and standard deviation of the estimated parameters R 0 , R p1 , R p2 , τ 1 , and τ 2 of the ECM (equation 7) and c 1 and c 2 of the non-linear over-voltage function (equation 11) are given in Table A calculated over the drive-cycle currents applied at three conditions, 70 % 10
• C , 70 % 15
• C and 30 % 35
• C are given in Table 1 .
In addition to the NL-ECM, a first-order linear ECM model was estimated using PPC test data at the same SoC and temperature points as the pulsemultisines. As shown in [2] a first-order ECM is sufficient to model pulse responses and as explained in the introduction the ECM is estimated as a function of SoC, temperature and current direction together with OCV with hysteresis. For comparison the two models are estimated at the same SoC and temperature points and are validated with the same drive-cycle current profiles. The RMSE and pk-error for the linear ECM is also given in Table   1 .
% SoC 10
• C 70 % SoC 15 Table 1 : RMSE and pk-error of the proposed model (NL-ECM) estimated using pulsemultisines and a first-order model (ECM) estimated with PPC tests. The NL-ECM gives consistently reduced RMSE and pk-error for the 18650 Li-ion NCA battery.
The results indicate that both the RMSE and pk-error of the NL-ECM improve when compared to the linear ECM by 13 % -25 % and 52 % -62 % respectively due to the estimated second order ECM and inclusion of a nonlinear over-voltage function. The improvement of the RMSE and pk-error at lower temperature demonstrates that the effect of the non-linear over-voltage function is more prominent at lower temperatures. As the sigmoid function is linear at higher temperatures ( Figure 7a ) the reduction in RMSE and pkerror with increase in temperature is due to the second order ECM estimated based on the battery impedance.
Discussion
As a measure of model complexity it is worth comparing the number of model parameters of the NL-ECM to a linear ECM. The NL-ECM requires a total of seven parameters, with the second-order ECM consisting of five parameters and the non-linear over-voltage function consisting of two parameters. For the linear ECM, if a first-order ECM is estimated it will require a total of six parameters, three parameters to represent discharge dynamics and three for the charge dynamics.
Though a linear ECM may seem a simpler model, due to one fewer parameter to estimate, it does not capture any non-linear dependence of the voltage on the current but only any dependence on the sign of the current, SoC and temperature. To further reduce a linear ECM's RMSE will require the use of a second-order ECM. Doing so will then increase the total number of model parameters to ten (five each for discharge and charge dynamics).
As such the NL-ECM offers a good balance in model complexity while accounting for both charge and discharge dynamics and non-linearity without the need of a separate charge/discharge, or 3D, look-up table.
The 18650 This characteristic will be examined in further work.
Conclusions
The periodic and dynamic nature of a pulse-multisine signal enables the estimation of the impedance of a Li-ion battery and allows parametrisation over a broader bandwidth than a pulse signal. Furthermore, the large number is the unknown parameter vector and E ∈ C 2R+1 is a vector of errors.
By ensuring that R > S/2 an estimate of the parameters (θ), and hence an estimate of the impedance (Ẑ(k)), and its variance (σ 
